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Available online 8 February 2016Background: Otitis media is one of the most common childhood diseases worldwide, but because of lack of doc-
tors and health personnel in developing countries it is often misdiagnosed or not diagnosed at all. This may lead
to serious, and life-threatening complications. There is, thus a need for an automated computer based image-
analyzing system that could assist in making accurate otitis media diagnoses anywhere.
Methods:Amethod for automated diagnosis of otitismedia is proposed. Themethod uses image-processing tech-
niques to classify otitis media. The system is trained using high quality pre-assessed images of tympanic mem-
branes, captured by digital video-otoscopes, and classiﬁes undiagnosed images into ﬁve otitis media categories
based on predeﬁned signs. Several veriﬁcation tests analyzed the classiﬁcation capability of the method.
Findings: An accuracy of 80.6% was achieved for images taken with commercial video-otoscopes, while an accu-
racy of 78.7% was achieved for images captured on-site with a low cost custom-made video-otoscope.
Interpretation: The high accuracy of the proposed otitis media classiﬁcation system compares well with the
classiﬁcation accuracy of general practitioners and pediatricians (~64% to 80%) using traditional otoscopes, and
therefore holds promise for the future in making automated diagnosis of otitis media in medically underserved
populations.
© 2016 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).Keywords:
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Global medicine1. Introduction
Otitis media (OM) is the second most important cause of hearing
loss, which ranked ﬁfth on the global burden of disease and affected
1.23 billion people in 2013 (Global Burden of Disease Study 2013
Collaborators, 2015). It is one of the most common childhood illnesses
and constitutes a major chronic disease in low and middle-income
countries (Global Burden of Disease Study 2013 Collaborators, 2015;
World Health Organization, 2004). The incidence of OM in sub-Saharan
Africa (SSA), South Asia and Oceania is two- to eight-fold higher than in
developed world regions with India and SSA accounting for the majority
of OM related deaths (Monasta et al., 2012; Acuin, 2004).
Common types of OM include acute otitis media (AOM), otitis media
with effusion (OME), and chronic suppurative otitis media (CSOM)
(Paparella et al., 1985). OM is often misdiagnosed, or not diagnosednce, University of Umeå, 901 87
. This is an open access article underat all, and consequently treated incorrectly which may lead to serious,
or even life-threatening complications (Asher et al., 2005; Buchanan
and Pothier, 2008; Legros et al., 2008).
Access to ear-, nose- and throat (ENT) specialists and equipment to
diagnose OM is severely limited in developing countries (Fagan and
Jacobs, 2009; World Health Organization, 2013). In Africa, for example,
the majority of countries (64%) report less than one ENT specialist per
million people (World Health Organization, 2013). In addition, general
practitioners and pediatricians, whom are also scarce in developing
countries, are often prone to under- or over-diagnose OM (Asher
et al., 2005; Buchanan and Pothier, 2008; Legros et al., 2008). There is
therefore a great need to develop systems that can facilitate accurate di-
agnosis of OM in underserved areas of the world. Kuruvilla et al. (2013)
recently reported an automated algorithm based on image-analysis for
distinguishing between two types of OM (AOM and OME) and middle
ears without effusion with a reported accuracy of 85.61%. While these
results are promising, the full range of OM types in addition to other
clinical presentations such as ear canal obstructions have not been
demonstrated.the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
Table 1
Predeﬁned features associated with each diagnosis (O/W— obstructing wax or foreign bodies in the external ear canal; n-TM— normal tympanic membrane; AOM— acute otitis media;
OME — otitis media with effusion; CSOM— chronic suppurative otitis media with perforation).
O/W n-TM AOM OME CSOM with perforation
Malleus bone visible Can be either visible or not Yes No Yes Can be either visible or not
Tympanic membrane shape Can be categorized as
retracted, normal, bulging
or irregular
Can be categorized as
retracted, normal or
bulging or irregular
Bulging Retracted Can be categorized as
normal, bulging or irregular
Color Pearly white Pearly white Predominantly red Can be categorized as
red or opaque
Pearly white
Perforation No No No No Yes
Wax Can be present or not Can be present or not Can be present or not Can be present or not Can be present or not
Fluid No No Can be either visible or not Yes No
Light reﬂex No Yes Can be either visible or not Can be either visible or not No
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analysis system to classify images obtained from commercial video-
otoscopes into one of the following diagnostic groups: 1) obstructing
wax or foreign bodies in the external ear canal (O/W); 2) normal
tympanic membrane (n-TM); 3) AOM; 4) OME, and 5) CSOMwith per-
foration. The image-analysis systemwas also evaluated in a clinical pop-
ulation using a low cost custom-made video-otoscope.2. Methods
2.1. Development of the Image-Analysis Classiﬁcation System
A decision tree was employed to classify images into one of the ﬁve
diagnostic groups. In order for the tree to make an accurate diagnosis,
the predeﬁned features associated with each diagnosis (Table 1) had
to be accurately identiﬁed in the images by feature extraction methods
(Supplementary material 1 provides a detailed discussion on the image
processing method). It included pre-processing followed by the detec-
tion of the malleus bone, tympanic membrane (TM) shape and color,
perforation, obstructive wax, middle-ear ﬂuid, and light reﬂex (Table 1).Fig. 1. Examples of the ﬁve diagnostic classiﬁcation categories. a. Obstructing wax or foreign b
diagnosis; b. a normal TM (n-TM) showing a semi-transparent pearly white TM, triangular sha
otitis media (AOM) showing a bulging TM with red color; d. otitis media with effusion (OME)
(CSOM) showing a TM perforation.
Images courtesy C. Laurent 2014.Pre-diagnosed color TM photographs (n = 562) from three TM
image collections captured with a range of commercially available
video-otoscopes were re-evaluated independently by two experienced
(N35 years of practice) specialists in otology. From thema set of 489 im-
ages (at least 500 × 500 pixels) of the TM and external ear canal were
included in the study (examples provided in Fig. 1). Seventy-three im-
ages of the original 562 (12.99%) were discarded because of insufﬁcient
image quality or disagreement between the two otologists. Only images
onwhich diagnoseswere in agreement between the otologistswere ac-
cepted (approximately 50% of them from children). The ﬁnal set of im-
ages was classiﬁed as O/W (n= 120), n-TM (n= 123), AOM (n= 80),
OME (n= 80), and CSOMwith perforation (n= 86). Eighty percent of
all images (n = 391) were randomly selected to develop the feature
extraction algorithms and the remaining 20% (n = 98) were used for
the validation study. The higher ratio for training images was used to
improve classiﬁcation accuracy while a proportion (20%), not used to
train the system, was required for validation and testing. For each
image in the training set (n= 391) the algorithms received a diagnosed
image as input and analyzed the image using the feature extraction al-
gorithms. It produced an array containing each image's features with
the corresponding diagnosis as output. The decision tree wasodies (O/W) in external ear canal precluding visualization of the TM to establish an OM
ped light reﬂex and malleus bone clearly visible (red ring and line, respectively); c. acute
showing a retracted TM and ﬂuid in the middle ear; e. chronic suppurative otitis media
Fig. 2. Side view of the ﬁnal low cost custom-made video-otoscope.
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vectors), or examples produced by the feature extraction algorithms,
based on an attribute value test according to Quinlan (1986). This divi-
sion of examples ensures that the examples that are least resembling
the feature will eventually be eliminated in order to ensure that the
best ﬁt is found. The example feature vectors were subsequently used
to manually design the decision tree, which constituted the classiﬁca-
tion algorithm employed in this study. No additional training was per-
formed. Matlab® (MathWorks, Inc., Natick, Massachusetts, United
States) was used as the software due to its processing capabilities, ex-
tended set of functions and familiarity. The user interface was designed,
using “guide” inMatlab®, to be understandable, reliable and easy to use.
(Supplementary material 2 provides a detailed discussion of the crea-
tion of the decision tree and the classiﬁcation methods).
Table 1 shows the ﬁve diagnostic groups and their corresponding
features, according to which the feature extraction algorithms were de-
veloped. To classify an image of unknown diagnosis or pathology, the
image is provided as input to the system, where after pre-processing
and feature extraction are performed. Once all features are extracted,
the decision-tree classiﬁes the feature vector associated with the input
image. The output, which consists of the extracted features as well as
the ﬁnal diagnosis, is then presented to the user as an output window
on the notebook screen.
Execution time of the system, i.e. the time it takes to diagnose an
image submitted after capturing, is determined by the respective execu-
tion times of the feature extraction algorithms and the decision tree
classiﬁcation. Total execution time of the image-analysis classiﬁcation
system was calculated as 3.45 s for a notebook computer with the fol-
lowing speciﬁcations: Intel(R) i7-3632QM 2.2 GhZ CPU with 8 GB
RAM running on a 64-bit Windows 7 operating system.Table 2
Diagnostic classiﬁcation accuracy (n = 98). Shaded cells = % correct diagnosis; unshaded cells2.2. Validation of the Image-Analysis Classiﬁcation System
The image-analysis classiﬁcation systemwas validated on 20% (n=
98) of the 489 diagnosed color images of TM's received from the two ex-
perienced otologists. These images had not been used previously to
train the system. The image-analysis system classiﬁed images via the
trained decision tree and a comparison could bemade with the original
diagnoses. Reliability of the image-analysis classiﬁcation system was
determined by investigating the agreement between diagnosed images
and system classiﬁcations using Cohen's kappa. Unweighted kappa sta-
tistic (κ) was used to quantify “strength of agreement”, or diagnostic
concordance.
In a separate pilot study, the image-analysis classiﬁcation system
was validated clinically on images captured by a custom-made video-
otoscope. This was designed as an example of a low cost replacement
for current clinical video-otoscopes. The shell of a commercial ear-
cleaning product was used as the body for the otoscope. Internal com-
ponentswere replaced by a battery, a light emitting diode (LED), and re-
sistor. Universal serial bus (USB) communication was implemented to
communicate between the otoscope and a notebook computer using
an audio/video cable to USB converter. The front part of the custom-
made video-otoscope was removed to make space for the camera
(2 megapixels) right inside the opening with a disposable ear tip
attached, see Fig. 2. Supplementary material 3 provides detailed infor-
mation about the construction of the custom-made video-otoscope.
The ﬁnal production cost of the custom-made video-otoscope came to
around $84.
The low cost custom-made video-otoscope was used to examine
ears from patients in an emergency room at a hospital in Pretoria,
SouthAfrica. A qualiﬁed emergency unit nurse,without previous training
in video-otoscopy did the examinations together with an experienced
(N20 years of practice) general practitioner (GP). The Institutional
Review Board provided ethical clearance before any data collection com-
menced and each patient signed a consent form explaining the examina-
tion procedure. No patient under the age of 18 years was enrolled for the
study, which was done in an emergency room for adults.
TheGP ﬁrstmade an inspection of the earwith a hand-held otoscope
and classiﬁed the ear canal, and/or TM status into one of the ﬁve diag-
nostic categories. The nurse then captured images using the custom-
made video-otoscope and stored these on a notebook computer. There-
after the image-analysis systemclassiﬁed the images stored on the com-
puter via the trained decision tree and a comparison was made to the
GP's diagnosis.2.2.1. Funding
No external funding for any of the authors.= % incorrect diagnosis.
Table 3
Performance parameters for each diagnosed category (PPV = positive predictive value;
NPV= negative predictive value).
O/W n-TM AOM OME CSOM with perforation
Sensitivity 0.79 0.80 0.81 0.81 0.82
Speciﬁcity 0.97 0.95 0.92 0.94 0.94
PPV 0.89 0.83 0.75 0.80 0.78
NPV 0.94 0.94 0.95 0.95 0.95
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Table 2 shows the number of pre-diagnosed images used for valida-
tion in each diagnostic group. Disregarding their diagnoses, all of the
validation images were pre-processed, feature extracted, and classiﬁed
via the decision tree, yielding the results in Table 2, with an average ob-
jective classiﬁcation accuracy of 80.61% (79/98).
The unweighted kappa agreement was 0.76 (95% CI 0.66–0.86)
showing a substantial agreement.
Performance characteristics of the image-analysis classiﬁcation sys-
tem are presented in Table 3. Sensitivity across all ﬁve diagnostic cate-
gories was between 0.79 and 0.82. AOM had the lowest speciﬁcity
(0.92), while O/W had the highest (0.97). AOM had the lowest positive
predictive value (PPV) (0.75) and O/Whad the highest (0.89). Negative
predictive values (NPV) were all between 0.94 and 0.95.
Using the low cost custom-made video-otoscope the nurse was
able to capture 108 high quality images in three of the ﬁve diagnostic
categories (Table 1). The images captured by the nurse were classiﬁed
using the image-analysis classiﬁcation system, (Table 4) with an overall
diagnostic agreement of 78.70% (85/108). Since the custom-made
video-otoscope was tested only in adults, all diagnostic groups were
not observed.4. Discussion
The new image-analysis classiﬁcation system demonstrated a high
degree of agreement (80.6%) to the combined diagnostic correspon-
dence of the two otologists, varying between 79.2 to 82.4% across the
ﬁve diagnostic categories in the set of test images from adults and chil-
dren. The accuracy of the image-analysis classiﬁcation system compares
favorably to average diagnostic accuracy of pediatricians (Kuruvilla
et al., 2013) (∼80%), GP's (Blomgren and Pitkäranta, 2003; Jensen and
Louis, 1999) (64–75%) and ENT's (Pichichero and Poole, 2001) (73%)
using handheld otoscopes. Based on an individual diagnostic accuracy
for ENT's of 73% (Pichichero and Poole, 2001) using aGaussian statistical
analysis, the combined diagnostic accuracy of the two otologists could
be calculated to be 88.13%. The ground truth data used to train the
image-analysis systemmay therefore contain an estimate of 11.87% in-
accurate diagnoses. This uncertainty can be reduced and the validity of
ground truth data improved by increasing the number of experienced
specialists performing diagnosis on images used to train the system.
For instance if three specialists were used the combined diagnostic ac-
curacy would be 94.40% compared to 98.64% when using 5 specialists.
Compared to an algorithm proposed by Kuruvilla et al. (2013) that
only distinguished between two diagnoses, the proposed system isTable 4
Results of system on images obtained from custom-made video-otoscope.
Category Number of images
collected
Number of images
correctly diagnosed
Percentage correctly
diagnosed
O/W 15 11 73.33
n-TM 72 58 80.56
OME 21 16 76.19
Total 108 85 78.70able to diagnose ﬁve types of common external ear canal and middle
ear conditions, including AOM, OME and CSOM with perforation. Utili-
zation of an automated system for differential diagnosis of OM based
on video-otoscopic images can provide a valuable diagnostic crosscheck
for health personnel and, in poorly resourced sectors, could serve as the
only source for a diagnosis.
The image-analysis system rarely indicated a false negative classiﬁ-
cation across OM categories with a negative predictive value of 0.95.
Normal TM's were only indicated incorrectly in 8% of AOM and 4% of
OME and CSOM with perforation. This accuracy is promising since it is
similar to and better than reported diagnostic accuracy by pediatricians
(Kuruvilla et al., 2013) andGP's (Blomgren and Pitkäranta, 2003; Jensen
and Louis, 1999). Minimizing false negatives is important to ensure
treatment in cases where it is indicated. Over-diagnosis by clinicians,
however, is often a problem in AOM (Pichichero and Poole, 2001) and
as a result the American Academy of Pediatrics recently prioritized
greater diagnostic speciﬁcity to reduce over-diagnosis and unnecessary
treatment (Lieberthal et al., 2013). The current system in contrast cor-
rectly identiﬁed AOM in 81.3% of instances. This could support accurate
diagnoses at primary health care levels at which skilled clinical assess-
ment is often unavailable or limited. A computer-assisted diagnostic
system, such as this, can also provide a useful second opinion to assist
health care workers inmaking correct diagnoses. Beneﬁts include time-
ly initiation of treatment and reduced health system burden related to
over-referrals.
There were, however, some misclassiﬁcations of diagnoses noted.
For example, O/W was misclassiﬁed as CSOM in 12.5% of cases. This is
likely attributable to the feature extraction algorithm, which associates
yellow featureswith the O/Wcategory, and identiﬁes similar features in
some cases of CSOM. Moreover, the misclassiﬁcation of AOM as OME
and vice versa, in 12.5% of cases, could be attributed to middle-ear
ﬂuid not being visible with the TM detected by the system as opaque.
These overlaps will be investigated to ensure improved differentiation
in future improvements of the system.
The custom-made video-otoscope indicated overall clinical diagnos-
tic accuracy of 78.7% compared to 80.6% on images from commercial
video-otoscopes. While being assessed on a smaller sample of ears
from adults (108) and only three diagnostic categories represented
(Table 4) the results suggest that a custom-made video-otoscope
could provide a low-cost method for accurate diagnosis of common
ear disease. However, future investigations should evaluate the clinical
validity in children compared to adults. The accumulated production
cost of the custom-designed video-otoscope was around $84, which is
at least 5 times less expensive than commercial entry-level video-
otoscopes. Of course, as with regular video-otoscopes it still requires a
computer to capture images. The computer together with the Matlab®
software adds signiﬁcantly to the cost. It would therefore come to the
region of $1000 to operate the complete systems. However, the use
of a netbook and the open source equivalent of Matlab®, (i.e. GNU
Octave), will bring the cost down to between $250 and $300. The cost
of equipment must be seriously considered if a method for automated
diagnosis of OM is to be a viable solution for underserved contexts.
The present study demonstrates the accuracy of an image analysis
system for diagnosis of one of the most common childhood illnesses
(World Health Organization, 2004; Global Burden of Disease Study
2013 Collaborators, 2015). In light of the shortage of specialists able to
accurately diagnose OM, especially in low and middle-income coun-
tries, a system like this could be very valuable to ensure that appropriate
treatment is provided. For instance, nurses could be trained to take
pictures of the TM using a video-otoscope and analyzed by the image
analysis system locally or on a cloud-based server. In many world re-
gions this is likely to be the only opportunity for access to a diagnosis
of ear disease amongst large populations. In addition to these applica-
tions the system could be employed for teaching and training purposes
in diagnosing OM to up-skill general health care workers in diagnosing
ear disease.
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analyzing system for the most frequent OM diagnoses and obstructions
of the ear canal. The system loaded onto a conventional computer note-
book has a diagnostic accuracy that compares favorably to that of pedi-
atricians and GP's. It could be a valuable new tool for health personnel
seeing OM patients in developing countries.
5. Limitations
The classiﬁcation algorithm used in the current system is a decision
tree constructed manually by analyzing the feature vectors produced
by the feature extraction algorithms used toprocess the training images.
The resulting decision tree is therefore ﬁxed, and will have to be
redesigned if more training images are incorporated. A neural network,
however can be trained using the same feature vectors used to construct
the decision tree and has the ability to be trained further with a single
image's feature vector upon assessment by specialists. A comparison
of these two approaches could be useful to evaluate for their respective
accuracy.
Acquiring anamnestic information from patients, such as occurrence
of fever, pain, hearing loss and discharge could increase the diagnostic
accuracy of the system and will be considered in future validation stud-
ies. The main aim of this study, however was to use only image analysis
and feature vector classiﬁcation to diagnose the various forms of OM
and we did not have additional metadata.
Manual examination of misdiagnosed images could help improve
the overall accuracy of the system. In its current form the person oper-
ating the system has to inspect the image quality before submitting it
for diagnosis. If images are of poor quality (e.g. poor focus, motion arti-
facts, insufﬁcient light, partial TM visibility) the systemwill still attempt
to make a diagnosis which may result in reduced accuracy.
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